Motivation: The molecular bases of protein stability remain far from elucidated even though substantial progress has been made through both computational and experimental investigations. One of the most challenging goals is the development of accurate prediction tools of the temperature dependence of the standard folding free energy DG(T). Such predictors have an enormous series of potential applications, which range from drug design in the biopharmaceutical sector to the optimization of enzyme activity for biofuel production. There is thus an important demand for novel, reliable and fast predictors. Results: We present the SCooP algorithm, which is a significant step towards accurate temperature-dependent stability prediction. This automated tool uses the protein structure and the host organism as sole entries and predicts the full T-dependent stability curve of monomeric proteins assumed to follow a two-state folding transition. Equivalently, it predicts all the thermodynamic quantities associated to the folding transition, namely the melting temperature T m , the standard folding enthalpy DH m measured at T m , and the standard folding heat capacity DC p . The cross-validated performances are good, with correlation coefficients between predicted and experimental values equal to [0.80, 0.83, 0.72] for DH m , DC p and T m , respectively, which increase up to [0.88, 0.90, 0.78] upon the removal of 10% outliers. Moreover, the stability curve prediction of a target protein is very fast: it takes less than a minute. SCooP can thus potentially be applied on a structurome scale. This opens new perspectives of large-scale analyses of protein stability, which is of considerable interest for protein engineering. Availability and implementation: The SCooP webserver is freely available at http://babylone.ulb. ac.be/SCooP.
Introduction
Despite the many experimental and computational efforts that have been carried out over the past few decades, the quantitative understanding of protein stability as a function of the temperature remains a challenging objective. The folding transition and the molecular mechanisms that drive it are indeed quite complicated to unravel mostly because the native state is only marginally stabler than the unfolded state. Moreover, the amino acid interactions and their delicate energetic balance are influenced by a wide series of factors such as the temperature, the pH, the ionic strength and sometimes even the protein concentration.
The goal of accurately and rapidly predicting protein stability, and in particular thermal stability, is highly challenging. If it were reached, it would have a tremendous impact on the optimization of a wide series of biotechnological processes (Siddiqui, 2015; Sarmiento et al., 2015; Haki and Rakshit, 2003; Bruins et al., 2001) , where proteins are often used in non-physiological conditions. Moreover, it would be extremely useful in de novo protein design, thereby opening new ways to explore and design synthetic molecular systems (Woolfson et al., 2015; Zanghellini, 2014; Huang et al., 2016) .
The protein folding transition is thermodynamically characterized by the standard folding free energy DG(T) as a function of the temperature T. When all other environmental conditions (pH, ionic strength, pressure. . .) are fixed, it is described by the GibbsHelmholtz equation:
where T m is the protein melting temperature for the hot (un)folding transition, DC p the standard folding heat capacity, and DH m the standard folding enthalpy at T m . This equation is based on the approximation that DC p is T-independent and that the transition is a two-state process. By convention, DG T ð Þ; DC p and DH m are here defined as differences between the unfolded and folded states and thus the resulting stability curve has an inverse bell shape (see Fig. 1 ).
In this paper, we present an efficient tool that predicts the full protein stability curve in the form of Equation (1), or equivalently the three thermodynamic quantities DH m ; DC p and T m , using as sole inputs the three-dimensional (3D) protein structure and the host organism.
As far as we know, no other method has been developed to predict the Gibbs-Helmholtz equation of an abritrary protein, even if some attempts have been made to derive some of its thermodynamic descriptors DH m ; DC p or T m . The task is particularly challenging for molecular dynamics simulation methods since the time scales of folding events are long, and so are the numerical simulations (Stirnemann and Sterpone, 2015; Sterpone and Melchionna, 2012) . Moreover, the temperature dependence of the amino acid interactions (van Dijk et al., 2015; Kumar et al., 2000; Pucci and Rooman, 2017) play an important role in the T-induced (un)folding transition, but is not precisely known and is thus not taken into account in this type of simulations.
Simplified knowledge-based models have been proposed to describe the change in standard folding heat capacity DC p or folding enthalpy DH m (Prabhu and Sharp, 2005; Murphy and Gill, 1992; Graziano et al., 1998; Geierhaas et al., 2007; Hilser et al., 1996; Makhatadze and Privalov, 1993; Privalov and Makhatadze, 1993) . They seem to perform reasonably well when applied to small proteins, but they need improvement and generalization.
Other prediction models focus on the prediction of the protein melting temperature T m . Usually, they derive this descriptor directly from the environmental temperature T env of the host organism (Gromiha et al., 1999; Dehouck et al., 2008) . Unfortunately, their performance is far from satisfactory, given that the T m -distribution of the proteins in a given organism is in general quite broad. Recently, we proposed to use the formalism of the T-dependent statistical potentials to improve the T m prediction Pucci and Rooman, 2016) , but the method was limited to homologous proteins.
The present investigation, featuring the SCooP predictor, extends and improve our first stability curve predictor (Pucci and Rooman, 2014) which was limited to proteins belonging to a small set of homologous families, and was thus of low practical utility. Indeed, our previous predictor required as input not only the structure of the target protein but also the structures, DC p and T m of at least two homologous proteins. We would like to stress that by improving the model structures, considering new features such as the environmental temperature and the total solvent accessible surface area, and by enlarging the experimental learning datasets, we achieved the goal of getting better performances with less information.
We developed a freely available and user-friendly webserver to run SCooP, which only requires the 3D structure and the host organism of the target protein as input and predicts and plots the full protein stability curve without need for any additional information (Fig. 2) . The 3D structure can be automatically downloaded from the PDB Data Bank (Berman et al., 2000) or manually uploaded by the user. Note that the method has been designed to predict the stability curve of monomeric proteins only. Indeed, such proteins usually undergo a simple two-state (un)folding transition, while multimeric proteins have frequently more complex thermodynamic behaviors.
From a theoretical viewpoint, the fastness of SCooP makes it a perfect instrument to analyze the thermal stability properties of proteins on a large scale, and to study in more detail the thermal adaptation mechanisms utilized by extremophiles to survive in hot environments. From a more applicative point of view, protein engineering investigations aimed at improving the efficiency of biotechnological processes in which enzymes are involved, could also benefit from the use of this tool that allows a fast scan of multiple structures and an easy estimation of their thermal characteristics.
We would like to emphasize that predicting the full stability curve of a protein and its thermodynamic descriptors is in general much more difficult than predicting the changes they undergo upon single point mutations. Indeed, the impact of point mutations on DC p ; DH m and T m can be considered as perturbations of the wild type quantities (Pucci et al., 2016a) , and their predictions are in general reasonably accurate. For example, experimental T m changes upon point mutations are usually between À15 C and 10 C and are predicted with an average error of about 4 C (Pucci et al., 2016b; Masso and Vaisman, 2008; Saraboji et al., 2006 
Materials and methods

Datasets' construction
To train and validate our prediction model, we built four different datasets, whose construction is detailed and whose entries are listed in Supporting Information. These datasets are: structure obtained by X-ray crystallography. They are selected from the PDB Data Bank (Berman et al., 2000) using PISCES (Wang and Dunbrack, 2003) on the basis of the following criteria: monomeric proteins containing between 40 and 200 residues, with pairwise sequence identity of at most 25%, a structure resolution of maximum 2.5 Å , and the exclusion of membrane proteins. This dataset was used to derive a set of standard statistical potentials.
• S [Temp] : the temperature-dependent dataset consists of 222 proteins of which the 3D structure has been obtained by X-ray crystallography with a resolution lower than or equal to 2.5 Å , and of which the melting temperature T m has been experimentally measured using differential scanning calorimetry or circular dichroism. For each entry, we also report the experimentally measured values of DC p and DH m when available in the literature. This set was divided into two subsets: one contains 114 mesostable proteins with melting temperature lower than 65 C, and the other the 108 thermostable proteins with T m ! 65 C. The temperature threshold was chosen to have the same number of proteins in the two subsets. Both these subsets were filtered using PISCES (Wang and Dunbrack, 2003) to remove some entries and keep the pairwise sequence similarity below 30%. Temperaturedependent statistical potentials were derived from both subsets. The full S [Temp] dataset was also used in the cross-validation test of the model's performances.
• S [NMR] : the NMR dataset consists of 25 proteins with 3D structures obtained by nuclear magnetic resonance (NMR) spectroscopy and experimental melting temperatures. The entries of this dataset show a maximum pairwise sequence identity of 50%. This dataset was used as a blind test set for an independent validation of the model.
• S [Tenv] : the T env dataset is a manually curated dataset that contains the environmental temperatures (T env ) of the 492 most common host organisms. T env has been chosen to be equal to the body temperature for the warm-blood organisms and to the optimal growth temperature for micro-and cool-blood organisms. This dataset has been used for the prediction of the protein melting temperatures.
Main features used in the model
The basic features used by the algorithm for the computation of the protein stability curve are:
• N r : the number of residues in the protein.
• ASA: the total solvent accessible surface area of the protein computed with an in-house program (Dalkas et al., 2014) based on the DSSP algorithm (Kabsch and Sander, 1983 ).
• T env : the environmental temperature of the host organism taken from S
[Tenv].
• DW R : a set of standard statistical potentials, derived from S
• DW M and DW T : a set of low-T and a set of high-T statistical potentials, derived from the two subsets of S [Temp] .
Statistical potentials are potentials of mean force (PMF) derived from frequencies of observation of sequence-structure associations in a dataset of known protein 3D structures. If c and s are a conformational motif and a sequence element, respectively, the energetic contribution DW c; s ð Þ related to the (c, s) association can be written using the inverse Boltzmann law as:
where k B is the Boltzmann constant, and F(c, s), F(s) and F(s) are the frequencies of observation of (c, s), c and s, respectively, in a given dataset. Different classes of potentials have been utilized in the construction of the model (Rooman et al., 1991; Kocher et al., 1994; Dehouck et al., 2006) . The first class consists of distance PMFs, in which the conformational motif c is the distance d between the side chain centroids of two amino acids; they describe tertiary interactions. Local potentials, in which c is one of the seven backbone torsion angle domains t defined in (Rooman et al., 1991) or the solvent accessibility h of a given residue computed as the ratio of the solvent accessible surface in the given structure and in an extended tripeptide Gly-X-Gly conformation, rather describe local (secondary structure) interactions along the polypeptide chain. The elementary potentials described in Equation (2) have been generalized to higher order PMFs in view of considering simultaneously several structure and sequence elements (Dehouck et al., 2006) .
To get an estimation of the temperature-dependence of the folding free energy, statistical potentials were derived separately from sets of mesostable and thermostable proteins (Folch et al., 2010; Pucci and Rooman, 2016) . In this way, we obtained T-dependent PMFs that model the impact of the temperature on protein interactions.
Some tricks have been used in the construction of the potentials to avoid low-sampling distortions and to reduce the finite-size dataset effects. More precisely, we introduced a coefficient ensuring the vanishing of the potential in the absence of observations in the dataset, and a smoothing procedure for the distance and the solvent accessibility potentials to reduce noisy fluctuations. Further technical details can be found in (Folch et al., 2010; Pucci and Rooman, 2016; Rooman et al., 1991; Kocher et al., 1994; Dehouck et al., 2006) , which contain an extensive discussion about the construction of T-independent and T-dependent statistical potentials.
Model structures
Three thermodynamic quantities that describe the folding transition, namely DH m ; DC p and T m , have to be evaluated in order to get the equation of the protein stability curve in the Gibbs-Helmholtz form of Equation (1). SCooP predicts these three independent quantities separately on the basis of specific model structures, as described in the next paragraphs. The parameters of the models were identified on the basis of the experimental DH m ; DC p and T m values for the proteins that belong to S [Temp] .
DH m prediction
For predicting the standard folding enthalpy at T m we have used the following ansatz:
where the five combinations of standard statistical potentials DW R i are listed in Table 1 . This model structure is based on the experimental evidence that both N r and ASA are correlated with DH (Hilser et al., 1996; Makhatadze and Privalov, 1993; Privalov and Makhatadze, 1993) . It is also based on the observation that DH m correlates well with the value of some of the statistical potentials. Note that we tested other model structures involving different combinations of potentials and other features such as the change in polar or apolar ASA upon folding, but no improvement of the performances was observed.
DC p prediction
The change in specific heat upon folding is generally assumed to be independent of the temperature. The model structure that we have used to predict it is:
This choice comes from the experimental evidence that DC p is related to N r and ASA (Prabhu and Sharp, 2005; Murphy and Gill, 1992) , and that DC p is the derivative of the folding enthalpy with respect to the temperature. Since we assumed in Eq. (3) the enthalpy to be proportional to DW R , we modeled its derivative with respect to the temperature as the difference between the mesostable and thermostable folding free energies DW T À DW M . The four chosen combinations of potentials are listed in Table 1 .
T m prediction
The model structure that we used for predicting the melting temperature reads as follows:
The two key ingredients in this model structure are the environmental temperature of the host organism T env , which correlates quite well with proteins' T m in a first approximation (Gromiha et al., 1999; Dehouck et al., 2008) , and a combination of the standard and temperature-dependent statistical potentials, listed in Table 1 . Preliminary evidence of the validity of this approach can be found in (Pucci and Rooman, 2016) for a small subset of homologous proteins.
DG r Prediction
An additional result of our prediction method is the folding free energy value DG T ð Þ at all temperatures. In particular, SCooP outputs the predicted DG at room temperature T r ¼ 298:15K ¼ 25 C, referred to as DG r , which is usually taken as the descriptor of the thermodynamic stability. This quantity is obtained from the formula:
which corresponds to Eq.(1) at T ¼ T r , with the three predicted thermodynamic quantities DH 
Curve shape correction
With the conventions specified in Equation (1), the folding free energy is negative in the temperature region contained between the cold and hot (un)folding transitions, where the folded conformation is preferred with respect to the unfolded state. The folding enthalpy DH m and heat capacity DC p are also negative, and the full protein stability curve has an inverse bell shape.
In a few cases, an additional constraint has to be imposed to the model to yield a realistic stability curve. This happens when DC p is predicted to be positive instead of negative, which is the case for one protein in the dataset and yields a bell-shaped stability curve rather than an inverse bell. It also happens when the value of DG T 0 ð Þ at T 0 ¼ 273:15K ¼ 0 C is larger than zero, which occurs for nine proteins in our dataset. This predicts the cold denaturation at a temperature above 0 C, which is not experimentally observed in usual conditions. In order to avoid non-physical predictions in these cases, we estimated DC p from Equation (1) by imposing the vanishing of DG T ð Þ at T ¼ T 0 :
with the temperatures expressed in Kelvin.
Optimization strategies
We have identified the parameters of the three model structures (3-5) using a strict leave-one-out cross validation procedure. More precisely, we have excluded the target protein whose stability curve we want to predict from all the steps of the procedure, starting from the dataset construction from which the PMFs were derived to the parameter optimizations. The optimization procedure aimed at minimizing the root mean square deviations r DHm ; r DCp ; r Tm between the predicted and experimental values of the corresponding thermodynamic quantities on the training set. For example, we have for DH m :
where N is the number of proteins for which we have an experimental value of DH m (listed in Supplementary Table S2 of Supporting Information). Similar expressions hold for T m and DC p . The algorithm used in the optimization is a standard gradient-descend method.
The accuracy of our method was estimated on the basis of the cross-validated r values as well as the Pearson correlation coefficient r between experimental and predicted thermodynamic quantities. The impact of the outliers on the performance was computed by estimating r and r after the exclusion of the 10% worst predicted proteins.
In order to demonstrate that our results do not suffer from overfitting problems, which can occur for small datasets, we tested other cross validation methods than leave-one-out, in particular k-fold cross-validation. We tested different values of k, without observing any significant difference with respect to the leave-one-out cross validation results.
Results
Quantitative results
The prediction scores obtained with SCooP in leave-one-out cross validation are quite good, as shown in Table 2 . The linear correlation coefficient r between predicted and experimental values of DH m ; DC p and T m are equal to 0.80, 0.83 and 0.72, respectively. The corresponding root mean square deviations are equal to 35 kcal/mol, 0.96 kcal/ (mol K) and 13 K. The values of the predicted versus the experimental values of these quantities are shown in Figure 3 .
We have computed the prediction scores separately for proteins from thermophilic or mesophilic organisms, but no significant differences were observed. In contrast, we noticed a slight difference Note: The descriptor d indicates the distance between two amino acids computed between the average geometrical centers of the heavy side chain atoms, s the amino acid type, t the backbone torsion angle domain and h the solvent accessibility of the residue. Superscript R means that the potentials are extracted from the reference dataset S [Ref] while superscripts T or M (T/M) label potentials extracted from the ensembles of thermo-or mesostable proteins, respectively. Note that we predefined some of the combinations of potentials rather than considering them separately in order to limit the number of parameters and thus to avoid overfitting problems. between the predictions for proteins belonging to prokaryotes and eukaryotes: the root mean square deviations for DH m and T m predictions are lower for prokaryotic proteins (34 kcal/mol and 12 K) than for eukaryotic proteins (38 kcal/mol and 14 K). We observe the opposite behavior for DC p : r ¼ 1.04 kcal/(mol K) in prokaryotes and 0.83 kcal/(mol K) in eukaryotes. The origin of this difference is probably rooted in the proteins' adaptation strategies in organisms with different degrees of complexity (Goncearenco et al., 2014) .
It is interesting to study the impact of the outliers on the prediction performance. Indeed, their low scores can be due to factors that are not taken into account in the prediction model, such as the presence of non-peptidic ligand molecules that interact with the targeted protein, or the fact that some thermodynamic quantities are measured in different experimental conditions. Indeed, even though we tried to make the datasets as homogeneous as possible, some variability is unavoidable. It is quite limited, however. For example, the average pH at which the measurements of set S [Temp] have been performed is equal to 6.9 with a standard deviation of only 0.9 (see Supplementary Table S2 for details). As expected, the correlation coefficients r increase when removing 10% outliers, and reach values between 0.78 and 0.90 for the three quantities DH m ; DC p and T m , while the root mean square deviations r decrease by an average of 30%.
SCooP also outputs the prediction of the standard folding free energy at room temperature. The root mean square deviation r between experimental and computed DG r values is about 4.4 kcal/mol, and reduces to 3.2 kcal/mol upon the removal of 10% outliers. This lower score is due to the fact that DG r is predicted from DH and is thus affected by the prediction errors on these three quantities. However, it is also due to the fact that the experimental DG r values are not measured directly but obtained via Equation (1) from thermodynamics quantities that are sometimes measured in different experimental conditions. This adds additional uncertainty to the DG r predictions.
We would like to underline the significant contribution of the statistical potentials and of their temperature-dependent version to the prediction performances. Indeed, the competing methods usually predict some of the three thermodynamics parameters associated to the folding transition, i.e. DC p ; DH m and T m , on the sole basis of N r , ASA and T env , respectively (see for example Prabhu and Sharp, 2005; Murphy and Gill, 1992; Hilser et al., 1996; Makhatadze and Privalov, 1993; Privalov and Makhatadze, 1993; Gromiha et al., 1999; Dehouck et al., 2008) . The performances obtained with these approaches are rather poor, as can be seen for example from the correlations between N r and DC p , ASA and DC p , N r and DH m , ASA and DH m , and T env and T m , which are equal to 0.67, 0.56, 0.68, 0.55 and 0.66, respectively, and are thus much lower than those obtained with our model. The combination of the features N r , ASA and T env with our standard and T-dependent potentials literally boosts the prediction accuracy. This emphasizes the power of our coarse-grained potentials that are able to capture the thermostability properties of proteins in an efficient way.
To further test the accuracy of our model and check its applicability to lower resolution structures, we applied it to a completely independent dataset S [NMR] consisting of 3D protein structures determined by NMR. The root mean square deviations r between computed and experimental values on this dataset are equal to 40 kcal/mol, 1.5 kcal/(mol K) and 14 K for DH m ; DC p and T m , respectively. Thus, despite the different structural characteristics of NMR structures compared to X-ray structures and the difficulty of filtering out poorly resolved proteins, the performances of SCooP are only slightly worse than those obtained for X-ray structures. This demonstrates the robustness of our approach and suggests its applicability to proteins for which only an experimental structure of low resolution or a computationally modeled structure is available.
Webserver
The SCooP webserver is freely available on http://babylone.ulb.ac. be/SCooP/index.php. The first step to compute the stability curve of a target protein consists in loading its experimental or modeled 3D structure. The user can either provide the 4-letter code of a structure available in the Protein Data Bank (PDB) (Berman et al., 2000) , which is then automatically retrieved, or upload a personal structure file in PDB format. After this step, SCooP provides a brief summary indicating the name of the protein, the different chains, and the number of residues per chain. Since SCooP is designed to be applied to monomeric chains that undergo a two-state (un)folding transition, the user has to select one of the chains. Afterwards, if the structure file has been manually uploaded, the user is asked to select the name of the protein's host organism from a list. Otherwise, the host organism is automatically retrieved from the PDB file. After this step, the query is submitted and the computation process starts. Upon the query's submission, SCooP provides a job ID and a link that must be followed or bookmarked to check the status of the job. The results are available on this page as soon as the computations are completed, which usually takes 20-30 s. They are stored on the webserver for 2 weeks. They consist of the plot of the full Gibbs-Helmholtz stability curve and of the predicted thermodynamic parameters that characterize the folding transition DH m ; DC p , T m and DG r . A picture in png format appears in the results page and a pdf file containing all the results is generated and can be easily downloaded. More information and explanations are provided on the help page (http://babylone. ulb.ac.be/SCooP/help.php).
Discussion
The SCooP method and webserver constitute a milestone in stability predictions, as it is the first bionformatics tool for the derivation of the full stability curve of a target protein as a function of the temperature, based on its experimental or modeled 3D structure.
One of the principal traits of SCooP is the prediction of both the thermal stability, defined by the melting temperature, and the thermodynamic stability, specified by the folding free energy at room temperature. To the best of our knowledge, no other method-either through machine learning or physics-based-is able to compute these quantities and to model the dependence of the amino acid interactions on the temperature.
Another key characteristic of SCooP is its rapidity. It is able to compute the stability curve of a medium-size protein in about 20-30 s. Owing to this, large-scale-structuromics-analyses of the thermodynamic properties of proteins are possible, which are expected to lead to a deeper understanding of the strategies that natural proteins use to enhance their thermoresistance. Such analyses will also be of help in the design of new proteins in the context of synthetic biology.
The statistical potential formalism on which our method is based has previously been shown to be applicable not only to wellresolved X-ray structures but also to structures obtained by comparative modeling, without substantial precision loss (Gonnelli et al., 2012) . In this paper, we corroborate this result by showing that SCooP is applicable to X-ray and NMR structures with almost the same accuracy. This valuable advantage makes SCooP more flexible and drastically enlarges its domain of applicability, since a large subset of proteins do not have an experimental structure but can reliably be modeled.
Despite the good performances of SCooP, it is interesting to think of possible improvements. An obvious way consists in the enrichment of the experimental datasets used in this analysis, which would lead to the construction of more precise statistical potentials. It would allow considering higher order potentials, depending simultaneously on several sequence elements and conformational states, more general combination of potentials, and the inclusion of other informative features that are not considered here to avoid overfitting problems. Moreover, if the S [Temp] dataset was substantially larger, we could derive statistical potentials with a finer temperature dependence by considering separate sets of, for example, psychro-, meso-, thermo-and hyperthermostable proteins. The analysis of the dependence of the thermodynamic quantities on the pH and buffer composition would represent important advances to the tool. An interesting perspective would be to extend the SCooP prediction of the DG T ð Þ curve to the prediction of a twodimensional surface in the 3D DG T; pH ð Þ ; T; pH ½ space, describing how the folding free energy depends simultaneously on T and pH.
Non-peptidic ligands that are present in the 3D structure of the target proteins are currently not taken into account in the SCooP method, although they affect-sometimes strongly-the thermodynamic properties of folding. This shortcoming is responsible for some of the SCooP prediction errors. A deeper elucidation of their contribution to the stabilization mechanisms and the development of statistical potentials that incorporate them are thus needed to increment the performance of SCooP.
Finally note that, SCooP has been designed to predict monomeric structures that undergo a two-state folding transition. It would definitely be interesting to extend the method to deal with multimeric structures in view of understanding the folding cooperativity of the subunits and predicting multi-state folding transitions (Batey et al., 2008) . A possible strategy would involve analyzing the stability of each subunit separately with a procedure analogous to the one presented here, while modeling the free energy of interaction between subunits using dedicated statistical potentials.
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